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We are developing new techniques to improve the accuracy of computerized microcalcification
detection by using the joint two-view information on craniocaudal CC and mediolateral-oblique
MLO views. After cluster candidates were detected using a single-view detection technique,
candidates on CC and MLO views were paired using their radial distances from the nipple. Can-
didate pairs were classified with a similarity classifier that used the joint information from both
views. Each cluster candidate was also characterized by its single-view features. The outputs of the
similarity classifier and the single-view classifier were fused and the cluster candidate was classified
as a true microcalcification cluster or a false-positive FP using the fused two-view information. A
data set of 116 pairs of mammograms containing microcalcification clusters and 203 pairs of
normal images from the University of South Florida USF public database was used for training
the two-view detection algorithm. The trained method was tested on an independent test set of 167
pairs of mammograms, which contained 71 normal pairs and 96 pairs with microcalcification
clusters collected at the University of Michigan UM. The similarity classifier had a very low FP
rate for the test set at low and medium levels of sensitivity. However, the highest mammogram-
based sensitivity that could be reached by the similarity classifier was 69%. The single-view
classifier had a higher FP rate compared to the similarity classifier, but it could reach a maximum
mammogram-based sensitivity of 93%. The fusion method combined the scores of these two clas-
sifiers so that the number of FPs was substantially reduced at relatively low and medium sensitivi-
ties, and a relatively high maximum sensitivity was maintained. For the malignant microcalcifica-
tion clusters, at a mammogram-based sensitivity of 80%, the FP rates were 0.18 and 0.35 with the
two-view fusion and single-view detection methods, respectively. When the training and test sets
were switched, a similar improvement was obtained, except that both the fusion and single-view
detection methods had superior test performances on the USF data set than those on the UM data
set. Our results indicate that correspondence of cluster candidates on two different views provides
valuable additional information for distinguishing FPs from true microcalcification
clusters. © 2006 American Association of Physicists in Medicine. DOI: 10.1118/1.2208919
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There is strong evidence that imaging the breast in two
views—mediolateral oblique MLO and craniocaudal CC
views—increases the cancer detection sensitivity while de-
creasing the recall rate.1,2 The radiologist combines the in-
formation from the two views to confirm true positives TPs
and to reduce false positives FPs. It is expected that com-
puterized detection could also benefit from the joint two-
view information available in a screening study. Our labora-
tory has been developing image analysis methods to exploit
the joint two-view information for FP reduction in comput-
erized detection of masses3 and microcalcifications4 on
mammograms.
In recent years, a number of research groups have inves-
tigated the use of two-view mammograms of the same breast
in a given examination to improve computerized lesion
analysis. Our group investigated the fusion of information
from two mammographic views to improve the performance
3,5,6
a CAD system for breast mass detection. The distance
2574 Med. Phys. 33 „7…, July 2006 0094-2405/2006/33„7…/2between the nipple and computer-detected objects on the two
views was used to geometrically pair the objects, which were
then classified using a correspondence classifier. To establish
the geometric relationship of the locations of the same object
seen in two mammographic views, we used a data set of 116
two-view cases containing masses, microcalcification clus-
ters, and large benign calcifications. The absolute value of
the nipple-to-object distance NOD difference on the two
views was found to be less than 16 mm for 83% of the le-
sions. Yam et al.7 and Kita et al.8 developed a method to
extract three-dimensional 3D information about breast le-
sions from two mammographic views. Their technique was
based on a breast model to estimate the deformation of the
canonical breast representation under compression from that
without compression. The method was applied to 3D recon-
struction of microcalcifications, as well as to the prediction
of the lesion location on one view from the location on the
other view. For a data set of 37 lesions, their method could
predict the location in the second view within a band of
2574574/12/$23.00 © 2006 Am. Assoc. Phys. Med.
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mum distance from the epipolar line was 6.8 mm, while the
average distance using the NOD difference was 8.6 mm. In a
different publication,7 on a data set of 35 lesions, they re-
ported average distances of 6.5 and 6.9 mm using the epipo-
lar lines and the NOD difference, respectively. Chang et al.9
compared two methods for predicting a search region on the
MLO view or the CC view for a lesion detected on the CC
view or the MLO view. The first method was based on the
ratio of the NOD on the two views, and the second method
was on a Cartesian straight-line distance. They found that the
two methods had essentially similar performance in predict-
ing the lesion location. Despite the efforts by many investi-
gators in studying the geometric correspondence between the
lesion locations on two mammographic views, to our knowl-
edge the study by Paquerault et al.3 was the only journal
publications to date that used two-view information to im-
prove the single-view detection of masses. Sahiner et al.4
performed a preliminary study to investigate the use of joint
two-view information to improve computerized microcalcifi-
cation detection. The current study further improved the two-
view fusion scheme and evaluated its performance with an
independent data set.
II. METHODS
The joint two-view detection method used in this study is
based on the assumption that if a single-view detection algo-
rithm detects the corresponding true cluster on the CC and
MLO views of the same breast, the TP clusters on the two
views will exhibit similarities in their geometric, morpho-
logical, and textural features. A FP cluster detected on the
CC view is expected to exhibit a lesser degree of similarity
with the true cluster on the MLO view, and vice-versa. Simi-
larly, the degree of similarity exhibited by two FP clusters on
two different views is expected to be lesser than that between
two TPs. In this study, we made use of this assumption by
performing similarity analysis between cluster candidates de-
tected on the two views and distinguishing true pairs TP-TP
pairs from false pairs FP-TP, TP-FP, and FP-FP pairs. We
used the NOD difference to define a limited number of object
pairs. The scores resulting from the similarity classifier may
not provide adequate sensitivity if used alone. The reasons
are twofold. First, some lesions may not be visible on both
views. Second, even if a lesion is visible on both views, it
may have been missed by the computer on one view. How-
ever, we found that by designing a proper strategy in which
the two-view pair classification scores are fused with the
single-view scores, the overall accuracy of the detection sys-
tem can be significantly improved. The block diagram of the
two-view fusion method is shown in Fig. 1.
A. Data sets
Two independent data sets collected at different institu-
tions were used for training and testing the two-view detec-
tion algorithm. Each data set consisted of a group of two-
view mammograms that contained at least one
Medical Physics, Vol. 33, No. 7, July 2006microcalcification cluster the positive group and a different
group of two-view mammograms that were free of microcal-
cification clusters the normal group.
The training data set included mammograms from the
publicly available University of South Florida USF
digitized mammogram database.10 The positive training
group consisted of malignant microcalcification cases in the
USF database digitized with a Lumisys 200 laser scanner
volumes: cancer01, cancer02, cancer05, cancer09, and
cancer15. This group initially contained 124 cases 124 CC
and 124 MLO view mammograms. Eight cases 16 mam-
mograms were excluded from the positive training group
because these cases contained diffuse microcalcifications
scattered over a large breast area, and the correspondence of
the microcalcification locations on two views cannot be es-
tablished. The positive training group therefore consisted of
232 mammograms. On these positive mammograms, 254 mi-
crocalcification locations were identified, of which 235 were
proven to be malignant by biopsy. The remaining 19 loca-
tions, which were detected on breasts that had undergone
biopsy for a different suspicious cluster, did not have biopsy
proof. The normal training group consisted of the contralat-
eral mammograms of the patients included in the positive
training group, as well as mammograms of patients with a
detected breast mass in the contralateral breast. Initially, the
pool of normal cases included 494 mammograms. Two
MQSA radiologists at our institution examined the cases to
confirm that they are free of microcalcification clusters and
calcified vessels. Upon this inspection, 44 pairs of mammo-
grams were excluded because at least one view contained a
calcified vessel or a microcalcification cluster that was not
marked in the USF database. Our normal training group
therefore consisted of 406 mammograms 203 cases. The
nipple location for each mammogram was manually identi-
fied at our institution.
The lesions in the training database were rated for their
subtlety by experienced radiologists and provided with the
USF database. The distribution of the subtlety ratings for the
training data set is shown in Fig. 2, where 1 indicates the
FIG. 1. The block diagram of the relationship between the single-view de-
tection, exclusive two-view detection, and two-view detection methods. The
lesion prescreening, single-view classifier, and fusion blocks for the CC and
MLO views are identical.most obvious clusters, and 5 indicates the most subtle. Note
2576 Sahiner et al.: Two-view information for microcalcification detection 2576that in order to be consistent with our rating scale in which a
subtle lesion has a higher rating e.g., Fig. 4, we reversed
the original ratings in the USF database for this figure. An
assessment that follows the American College of Radiology
Breast Imaging Reporting and Data System BI-RADS cat-
egories was also provided for the clusters. The distribution of
the assessment ratings for the training data set is shown in
Fig. 3. Most clusters had an assessment rating of 4 suspi-
cious abnormality, biopsy should be considered, or 5 highly
suggestive of malignancy, appropriate action should be
taken. This is consistent with the fact that all mammograms
contained at least one biopsy-proven malignant microcalcifi-
cation cluster.
The test data set consisted of mammograms collected with
Institutional Review Board approval at the University of
Michigan UM. The positive test group consisted of 96 pairs
of mammograms, each of which contained at least one
biopsy-proven microcalcification cluster. The cases were col-
lected consecutively from our biopsy-proven mammogram
database, with the exception that any case containing diffuse
FIG. 2. The distribution of the subtlety ratings 1: most obvious, 5: most
subtle for the microcalcification clusters in the training data set. The ratings
were provided with the USF database. Note that in order to be consistent
with our rating scale in which a subtle lesion has a higher rating e.g., Fig.
4, we reversed the original ratings and their interpretation in the USF
database for this figure.
FIG. 3. The distribution of the assessment ratings for the microcalcification
clusters in the training USF data set. The assessment follows the American
College of Radiology BI-RADS lexicon and was provided with the USF
database. Since all cases had biopsy-proven malignant clusters, there were
very few ratings of 2 benign finding and 3 probably benign finding, short-
interval follow-up suggested. A majority of the ratings were 4 suspicious
abnormality, biopsy should be considered, or 5 highly suggestive of ma-
lignancy, appropriate action should be taken.
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were 218 microcalcification cluster locations marked by a
MQSA radiologist on 192 mammograms. The same radiolo-
gist also established the correspondence of the clusters on
two views using all the clinical information related to the
case. Ten of the clusters were visible only on one mammo-
graphic view, and the remaining clusters were seen on both
views. We thus had 104 clusters seen on both views, ac-
counting for 208 marked locations. Sixty-six of the marked
locations corresponded to biopsy-proven malignant clusters,
and 148 locations corresponded to clusters that were benign
either by biopsy or follow-up. The remaining four locations
corresponding to two clusters seen on both views were on
biopsy-proven mammograms containing malignant clusters,
but their pathology could not be ascertained because these
clusters did not undergo biopsy. The normal test group ini-
tially contained 100 pairs of mammograms from patients
with a detected breast mass in the contralateral breast. Two
MQSA radiologists examined these mammograms to confirm
that they are free of microcalcification clusters and calcified
vessels. The inspection revealed that 29 pairs of mammo-
grams contained a calcified vessel or a microcalcification
cluster on at least one view. Our normal test group therefore
consisted of 142 mammograms 71 cases after exclusion of
the 29 pairs. The nipple location for each case was manually
identified. Table I summarizes the training and test data sets.
The subtlety of the microcalcification clusters in the UM
data set was rated by an experienced MQSA radiologist on a
scale of 1 obvious to 10 subtle relative to the visibility
range of microcalcifications encountered in clinical practice.
The distribution of the subtlety ratings for benign and malig-
nant clusters is shown in Fig. 4. It can be seen that the ma-
lignant and benign clusters had similar subtlety ratings, with
the malignant clusters slightly more subtle than benign clus-
ters. Since there are no standards or methods for calibration
of the subtlety ratings across different institutions, it is not
possible to compare the subtlety ratings of the UM cases
with those of the USF cases. The same experienced MQSA
TABLE I. The positive and normal data groups for the training and test data
sets.
Training
USF data set
Test
UM data set
Positive Normal Positive Normal
Number of two-view cases 116 203 96 71
Number of cluster
locations
254 218
Number of malignant cluster
locations
235 66
Number of benign cluster 148
Number of locations with
unknown status
19 4radiologist also provided a likelihood of malignancy rating
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likelihood of malignancy ratings for benign and malignant
clusters is shown in Fig. 5.
The USF data set was digitized using a Lumisys 200 laser
scanner with an optical density OD range of 0–3.6, and the
UM data set was digitized using a LUMISCAN 85 laser
scanner with an OD range of 0–4.0. Both digitizers were
calibrated so that the gray values were linearly and inversely
proportional to the OD, with a slope of
−0.001 OD unit/pixel value. All mammograms were digi-
tized at a pixel resolution of 0.050.05 mm with 4096 gray
levels. The image matrix size was reduced by averaging ev-
ery 22 adjacent pixels and down-sampling by a factor of 2,
resulting in images with a pixel size of 0.10.1 mm for
further analysis.
B. Cluster prescreening
The purpose of the lesion prescreening stage in the CAD
system is to identify areas containing microcalcification clus-
ter candidates so that these areas can be further analyzed in
subsequent stages to determine whether they contain a true
cluster or a FP cluster. First, the image is processed using a
difference-image technique to enhance the signal-to-noise ra-
tio SNR of the microcalcifications.11 Second, potential sig-
nals are segmented from the image background using global
FIG. 4. The distribution of the subtlety ratings 1: most obvious, 10: most
subtle for the malignant and benign microcalcification clusters in the test
UM data set. The ratings were provided by MQSA radiologists at UM.
FIG. 5. The distribution of the likelihood of malignancy ratings 1: least
likely to be malignant, 10: most likely to be malignant for the malignant
and benign microcalcification clusters in the test data set. The ratings were
provided by MQSA radiologists at UM.
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classification is applied to the signal size, contrast and SNR
to identify suspected individual microcalcifications.11,12 A
convolution neural network CNN12 is trained to further ex-
clude FPs. Finally, a regional clustering procedure is used to
identify clustered microcalcifications. Isolated signals, con-
sidered to be either noise points or isolated calcifications are
excluded, while signals that are within a neighborhood of
other signals are retained as potential microcalcifications
within a cluster.
C. Feature extraction
Three types of features were extracted from each cluster
or the region enclosing the cluster: Morphological features,
texture features, and features derived from the CNN scores
of the microcalcifications.
A number of morphological features were extracted for a
cluster. First, 11 morphological features related to the size,
mean density, shape, and contrast were extracted from each
individual microcalcification. The size of a microcalcifica-
tion was estimated as the number of pixels in the segmented
microcalcification region. The mean density was found by
averaging the pixel values within the segmented microcalci-
fication region. Three shape features were extracted based on
an ellipse fitted to each segmented microcalcification. Figure
6 depicts these features, which were explained in more detail
previously.13 Six features related to the contrast of the micro-
calcification were extracted based on the statistics of the gray
level values within the segmented microcalcification area
and the background surrounding the segmented microcalcifi-
cation. The extraction of these contrast features is described
in Fig. 7. The background surrounding the segmented lesion
was obtained by dilating the segmented lesion with a circular
structuring element. The radius of this structuring element
was defined as Rs=max2.0,0.6Req pixels, where Req is the
radius of a circle with the same area as the segmented mi-
crocalcification. Let C and S denote the segmented microcal-
FIG. 6. The extraction of the shape features. An ellipse is fitted to the seg-
mented microcalcification using a moment method,13 and the lengths of the
major axis a and the minor axis b are determined. The eccentricity fea-
ture was defined as a2−b2 /a, and the axis ratio feature was defined as
a /b. The moment ratio feature was defined as the ratio of the smaller second
moment of the shape to the larger second moment.cification and its background region, respectively. Let the
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within C be denoted by avC, varC, minC, and maxC, and the
corresponding quantities within S be denoted by avS, varS,
minS, and maxS. The six features related to the contrast of
the microcalcification are defined as: fc1=avC / avS, fc2
=avC−avS, fc3= avC+avS / avC−avS, fc4= avC−avS2 /
varC+varS, fc5= avC−minC / avS−minS, and fc6
= maxC−minC / maxS−minS.
After the features were extracted from each microcalcifi-
cation in a cluster, the mean, standard deviation, maximum,
and coefficient of variation of each feature were calculated
over each cluster to define cluster features. The number of
microcalcifications in a cluster was also defined as a cluster
feature. We had 45 morphological features for each cluster.
The texture feature were extracted from regions of interest
ROIs containing the cluster using the second-order statis-
tics provided by the spatial gray-level dependence SGLD
matrix.14,15 The distribution of the SGLD matrix elements
reflects the average spatial relationship of pairs of gray-level
values with respect to the distance d and direction  used in
SGLD matrix construction. To define the ROI, the bounding
box of a detected cluster was enlarged by 5 mm 50 pixels
in each direction so that the background of the surrounding
tissue could be included in the analysis. The SGLD matrix
was computed in four directions =0°, 45°, 90°, and 135°
and three distances d=1,2 ,4 as described in the
literature.15 From each SGLD matrix, 13 texture features re-
lated to the distribution of the matrix elements were ex-
tracted, namely, energy, correlation, entropy, inertia, inverse
difference moment, sum average, sum variance, sum entropy,
difference average, difference variance, difference entropy,
information measure of correlation 1, and information mea-
sure of correlation 2. The formulation of these texture mea-
sures has been described in the literature.16 Two correspond-
ing features in the diagonal direction =45° and 135° were
averaged to yield a single feature. Similarly, two correspond-
ing features in the horizontal and vertical directions =0°
and 90° were also averaged. We thus had a total of 23
FIG. 7. The extraction of the features related to the microcalcification con-
trast. The white region C at the center represents the segmented microcalci-
fication, and the surrounding gray region S represents the background, ob-
tained by using a dilation operator as described in the text.13=78 texture features for each cluster.
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Fukushima,17 is a backpropagation neural network that oper-
ates on images. The input image is filtered by successive
nodes in the hidden layers, where each node consists of a
group of trainable weights. The output score is a scalar, ide-
ally indicating the likelihood of a true microcalcification in
our application. The CNN has been used extensively for the
detection of microcalcifications,12 as well as for detection of
lung nodules18 and mammographic masses.19 The network
architecture and weights were trained previously using a
training set that was independent of the data set used in this
study.20 In our previous work, the CNN was used for each
individual microcalcification before the clustering stage. In
this study, we used a low CNN threshold before the cluster-
ing stage to exclude only very obvious FPs. After clustering,
four CNN score features were extracted for each cluster,
namely, the average, standard deviation, maximum, and
minimum of the individual microcalcification scores within
the cluster. These features were used to define cluster CNN
scores to be used for FP reduction.
D. Single-view and similarity classifiers
The above-described features were used in two different
classifiers to differentiate true microcalcification clusters
from FPs. The first classifier was a single-view classifier that
used the features extracted from a cluster on a particular
view CC or MLO. The second classifier was a similarity
classifier that jointly used the features of two cluster candi-
dates on two views.
The single-view classifier was trained using stepwise fea-
ture selection21 and linear discriminant analysis LDA22 on
the training set. LDA with stepwise feature selection has
been previously used in CAD for several applications, in-
cluding FP reduction for mass detection on mammograms,
classification of masses as malignant or benign, classification
microcalcification clusters as malignant or benign, and FP
reduction for lung nodule detection on CT scans. Stepwise
feature selection involves the selection of three parameters,
namely, Fin, Fout, and tolerance tol. A discussion of how
these parameters are related to the feature selection process
and how they affect the performance can be found in the
literature.21 In this study, we used a leave-one-case-out
method and the area under the receiver operating character-
istic curve Az as a figure-of-merit within the training set to
determine the best values of these parameters that could pro-
vide high classification accuracy with a relatively small num-
ber of features. Once they were determined, we used the
chosen set of parameters to select a final set of features and
LDA coefficients using the entire training set. The feature
space available for stepwise selection included 127 features,
of which 45 were morphological, 78 were texture, and 4
were CNN score features. Note that only a small subset of
the available features will be selected during the classifier
design process using the training set.
Our two-view classification algorithm is designed to dis-
tinguish between true TP-TP pairs and false FP-TP, TP-FP
or FP-FP pairs by using the similarities between the two
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step in this task is to define the object pairs. For a deformable
object like the breast under compression, the corresponding
locations in the two views cannot be determined exactly
based on the two projection mammograms. From the geom-
etry of the mammographic image acquisition, it is known
that an object seen on the CC view can appear only in a
limited subregion in the MLO view, and vice-versa. Radiolo-
gists at our institution routinely use the NOD on the two
views to estimate the correspondence between objects seen
on different views of the same breast. Based on our previous
studies,3,6 in this work we searched for the member clusters
of a pair based on the difference between the NODs on the
CC and MLO views. Figure 8 illustrates this geometric pair-
ing procedure. First, the nipple locations Nc and Nm are de-
termined on the CC and MLO views, respectively. Next, the
nipple-to-object distance Rc is computed for the cluster can-
didate CC1 on the CC view. To find objects on the MLO view
to be paired with CC1, an arc of radius Rc centered at Nm is
defined on the MLO view. Next, two concentric arcs, with
radii Rc+R and Rc−R are also drawn on the MLO view.
Any object that falls within the annular region delineated by
these two concentric arcs is paired with the cluster candidate
CC1 on the CC view. In this example, two pairs are defined:
CC1-CM1 pair and CC1-CM2 pair. Although a third cluster
candidate CM3 exists on the MLO view, it is not paired with
CC1 because it falls outside the defined annular region. The
half-width of the annular region R is determined using the
training data.
A similarity classifier was designed to score the defined
pairs as to their likelihood of being a true pair. For the simi-
larity classifier, two sets of features were generated from the
FIG. 8. Geometric pairing of the clusters detected on the CC and MLO
views. For a cluster CC1 on the CC view, the nipple-to-object distance Rc is
computed. On the MLO view, any object that falls within the annular region
delineated by the two concentric arcs Rc+R and Rc−R centered on the
nipple location is paired with the cluster candidate CC1 on the CC view. In
this example, two pairs are defined: CC1-CM1 pair and CC1-CM2 pair. Al-
though a third cluster candidate exists on the MLO view, it is not paired with
CC1 because it falls outside the defined annular region. The half-width R of
the annular region is determined using the training data set.feature set that was used in the single-view classifier. The
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corresponding features of the two objects in a pair. This set is
thus designed to extract the similarity or dissimilarity of the
features between the detected objects on the two views. For
example, one would expect that for a true pair, the average
eccentricity of the microcalcifications in the same cluster on
the CC and MLO views would be close to each other. For a
microcalcification cluster paired with a FP cluster, the differ-
ence may be large. The second set of features consisted of
the average of the corresponding features. For example, for a
true pair, the average CNN score of the individual microcal-
cifications in the cluster is expected to be large on both
views, therefore the corresponding average feature for the
pair would also be large. If the microcalcification cluster is
paired with a FP cluster, or if two FP clusters are paired, then
the CNN score is expected to be small for at least one of the
clusters, and therefore the corresponding average feature for
the pair would be relatively small. In addition to these two
feature sets, we included the NOD difference between the
paired clusters as another feature measure. The feature pool
for the similarity classifier thus contained a total of 2127
+1=255 features. The classifier was trained using stepwise
feature selection and LDA on the training set, following the
same steps described earlier for the single-view classifier.
E. Fusion
The similarity classifier produced a score for each cluster
pair. These scores were converted into scores for each indi-
vidual cluster before being combined with the single-view
classifier scores. A cluster on the CC view can be a member
of several cluster pairs paired with more than one cluster on
the MLO view, and vice-versa, as illustrated in Fig. 8. The
two-view cluster score of a cluster Ci was defined as the
maximum of all similarity scores for pairs in which Ci is a
member, if that maximum value exceeded a paired-cluster
threshold, thp, determined using the training set. If a cluster
Ci was not paired with any cluster on the other view, or if the
maximum value was below thp, then it was assigned a large
negative two-view cluster score, chosen arbitrarily as 100
in this study. The idea behind using the paired-cluster thresh-
old thp is that if a cluster is geometrically paired with a
cluster on the other view, but the evidence for the similarity
of the two clusters is weak, then it is likely a false pair and
may be eliminated.
By using a constant paired-cluster threshold, and varying
the decision threshold on the similarity scores, one can ob-
tain a FROC curve for the detection of microcalcification
clusters. Since this detection method uses only the paired
information from the two mammographic views, it is termed
the exclusive two-view detection method in the following
discussion. To utilize both the one-view and two-view infor-
mation, an effective fusion method has to be designed. In this
study, we found that good fusion performance could be
achieved for a cluster by averaging its single-view score and
exclusive two-view detection score.
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The accuracy of the single-view and similarity classifiers
was evaluated using ROC analysis.23 A cluster was consid-
ered to be a TP if its bounding-box overlapped the
radiologist-defined microcalcification location by more than
40%. Other detected clusters were considered as FPs. The
overall detection accuracy of the two systems was compared
using free response ROC FROC analysis. The sensitivity
axis in FROC analysis was based on the positive data set.
The number of FPs per mammogram was estimated using the
normal data set. For the test set, we plotted two types of
FROC curves, using mammogram-based and cased-based
analyses. In the mammogram-based analysis, the same clus-
ter seen on two views are counted independently. A TP was
defined as a true microcalcification cluster detected by the
computer. Since there were 218 microcalcification cluster lo-
cations marked by the radiologist on the test set, the denomi-
nator for sensitivity in mammogram-based analysis was 218.
If a radiologist-marked cluster was detected as more than one
cluster by the computer, they would be counted only as one
TP. In the case-based analysis, a TP was defined as a positive
case for which a cluster was correctly detected on one or
both views. Since we had 96 mammogram pairs in our posi-
tive test set, the denominator for sensitivity in case-based
analysis was 96. If more than one TP cluster was detected for
a case, this was counted as only one TP.
III. RESULTS
The prescreening algorithm detected an average of 3.06
clusters per mammogram in the normal training USF
group, and 4.11 clusters in the normal test UM group. On
the positive training USF group, 89% 226/254 of the true
cluster locations were detected by prescreening, while the
corresponding sensitivity for the positive test UM group
was 93% 202/218.
To determine the parameters to be used in feature selec-
tion for the single-view classifier, we used a leave-one-case-
out method within the training set. Mammograms corre-
sponding to each case were left out once as a validation
sample, feature selection and LDA design were performed on
the rest of the training set, and the LDA scores were obtained
for the clusters in the validation samples. After the validation
scores were obtained for each case, these scores were pooled
and an Az value was derived from ROC analysis. Table II
shows the average number of selected features and the vali-
dation Az values obtained using the leave-one-case-out
method on the training set for different values of the param-
eters used in feature selection. It can be seen that the Az value
was not very sensitive to these parameters in the range that
we studied. The parameters for feature selection were there-
fore selected as Fin=9.4, Fout=9.2, and tol=0.01, which pro-
vided the highest Az with the smallest number of features.
When these parameters were applied to the entire training
set, a total of 8 features were selected. Four of these were
CNN features, two were texture features, two were contrast
features, and one was the number of microcalcifications.
Medical Physics, Vol. 33, No. 7, July 2006Figure 9 shows the NOD differences for the CC and MLO
view mammograms for the positive training and test data
sets. Based on the histogram of the training data set, we
selected R=26 mm for the geometric pairing of the data.
As can be observed from Fig. 9, this choice for R resulted
in 4 true missed pairs on the training set, and 5 true missed
pairs on the test set. On the other hand, a large fraction of
false pairs were eliminated. For the training set, there were a
total of 2843 pairs that could be defined on the normal mam-
mograms without the geometric constraint. The geometric
pairing using R=26 mm eliminated 62% 1750/2843 of
these pairs, resulting in 1093 false pairs. Similarly, for the
normal test set, the geometric pairing eliminated 61%
1183/1943 of the possible false pairs, resulting in 760
pairs.
The feature selection parameters for the similarity classi-
fier were also determined using a leave-one-case-out method
within the training set. Table III shows the average number
of selected features and the validation Az values obtained
using the leave-one-case-out method on the training set for
different values of the parameters used in feature selection.
Similar to the results for the single-view classifier, the Az
value was not very sensitive to the feature selection param-
TABLE II. The area Az under the ROC curve and the number of selected
features for different values of stepwise feature selection parameters used in
the design of the one-view classifier. The area Az was obtained from the
left-out validation samples in a leave-one-case-out resampling within the
training data set. The number of selected features represents the average
number of selected features in each cycle of the leave-one-out process.
Fin Fout Tol Az
Number of
selected features
9.4 9.2 0.0001 0.89±0.01 8
9.4 9.2 0.01 0.89±0.01 8
11.4 11.2 0.0001 0.88±0.01 7
11.4 11.2 0.01 0.88±0.01 7
7.4 7.2 0.0001 0.89±0.01 9
7.4 7.2 0.01 0.89±0.01 9
5.4 5.2 0.0001 0.87±0.01 12
5.4 5.2 0.01 0.87±0.01 11
FIG. 9. The distribution of the NOD differences for the true cluster centroids
on the CC and MLO views. Based on the distribution of the NOD differ-
ences for the training data set, the half-width R of the annular region was
selected as R=26 mm.
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parameters for feature selection were chosen as Fin=35.4,
Fout=35.2, and tol=0.01. When these parameters were ap-
plied to the entire training set, a total of 13 features were
selected, of which 8 were squared difference features and 5
were average features. Of the squared difference features,
three were from contrast features, two from CNN features,
one from a texture feature, one from a shape feature, and one
from the number of microcalcifications. Of the average fea-
tures, two were contrast features, one was a CNN feature,
one was a texture feature, and one was the number of micro-
calcifications.
To select the paired-cluster threshold, the resubstitution
FROC curves for the training set were plotted for different
selected values of the threshold. Figure 10 shows these
FROC curves for five of the selected thresholds. Based on
these plots, the paired-cluster threshold was selected as thp
=0.0.
The designed classifiers were applied to the test set. Fig-
ure 11 presents the mammogram-based test FROC curves for
the single-view and exclusive two-view detection methods.
The comparison shows that the exclusive two-view detection
method had a very low FP rate for the test set at low sensi-
TABLE III. The area Az under the ROC curve and the number of selected
features for different values of stepwise feature selection parameters used in
the design of the two-view classifier. The area Az was obtained from the
left-out validation samples in a leave-one-case-out resampling within the
training data set. The number of selected features represents the average
number of selected features in each cycle of the leave-one-out process.
Fin Fout tol Az
Number of
selected features
35.4 35.2 0.0001 0.96±0.003 13
35.4 35.2 0.01 0.96±0.003 13
45.4 45.2 0.0001 0.95±0.003 10
45.4 45.2 0.01 0.95±0.003 9
25.4 25.2 0.0001 0.96±0.003 16
25.4 25.2 0.01 0.96±0.003 16
15.4 15.2 0.0001 0.96±0.003 18
15.4 15.2 0.01 0.96±0.003 18
5.4 5.2 0.0001 0.95±0.003 47
5.4 5.2 0.01 0.95±0.004 37
FIG. 10. Mammogram-based resubstitution FROC curves for different val-
ues of the paired-object threshold thp. Based on these FROC curves, the
paired-cluster threshold was selected as thp=0.
Medical Physics, Vol. 33, No. 7, July 2006tivity. However, the highest per-film sensitivity that could be
reached by exclusive two-view detection was 69%. In con-
trast, single-view detection could reach a sensitivity of 93%
not shown in the figure, but at a high FP rate. Figure 12a
shows the FROC curve when the scores of these two classi-
fiers were fused. The result indicates that at relatively high
FP rates, the two-view fusion classifier behaved essentially
as the single-view classifier. However, at lower FP rates, the
sensitivity of the two-view fusion classifier was much higher.
To study whether the improvement was significant, we ap-
plied JAFROC analysis.24 The figure-of-merit FOM from the
output of the JAFROC software was 0.85 and 0.81, respec-
tively, for two-view fusion and single-view detection. The
difference between the FOM was statistically significant
p=0.0002. Figure 12b compares the case-based FROC
curves for the single-view detection and two-view fusion ap-
FIG. 11. Mammogram-based test FROC curves for the single-view and ex-
clusive two-view detection methods. The exclusive two-view detection
method had a very low FP rate, but could only reach a maximum sensitivity
of 69%. The single-view detection method had a higher maximum sensitiv-
ity, but had a higher FP rate than the exclusive two-view detection method at
low sensitivity.
FIG. 12. FROC curves for the single-view and two-view fusion methods for
the entire test data set. a Mammogram-based, b Case-based.
2582 Sahiner et al.: Two-view information for microcalcification detection 2582proach. It can be seen again that two-view fusion resulted in
a higher FROC curve.
The improvement with two-view fusion was also ana-
lyzed for the subsets of malignant and benign test cases.
Figures 13a and 13b compare the single-view and two-
view fusion methods for the malignant cases using
mammogram-based and case-based analysis, respectively.
Figures 14a and 14b present the corresponding curves for
the benign cases. The detection performance with both
FIG. 13. FROC curves for the malignant test set. a Mammogram-based,
b Case-based.
FIG. 14. FROC curves for the benign test set. a Mammogram-based, b
Case-based.
Medical Physics, Vol. 33, No. 7, July 2006single-view detection and two-view fusion is higher for ma-
lignant clusters than for benign clusters. Two-view fusion
results in a greater improvement in performance for malig-
nant clusters than for benign clusters. The improvement with
two-view fusion was found to be significant for both malig-
nant p=0.0007 and benign p=0.0013 clusters using JA-
FROC analysis. Table IV compares the FP rates for single-
view detection and two-view fusion at selected sensitivities
for the entire data set, the subset of malignant clusters, and
the subset of benign clusters.
We also studied whether two-view fusion would be effec-
tive when the training and test sets were switched. For this
purpose, we designed the single-view and similarity classifi-
ers and the paired-cluster threshold using the UM data set,
and applied the designed classifiers to the USF data set. The
resulting mammogram-based FROC curves are shown in
Fig. 15. The FROC curve for the two-view fusion classifier is
again higher than that of the single-view classifier. At 80%
sensitivity, the single-view and the two-view fusion classifi-
ers had an average FP rate of 0.18 and 0.06 FPs/
mammogram, respectively. It is also observed that these FP
rates are lower than the corresponding mammogram-based
rates obtained using the UM data set as the test set
Table IV.
IV. DISCUSSION
Our results indicate that the two-view classifier and the
fusion of the two-view scores with single-view scores im-
proved the microcalcification detection accuracy of our CAD
system. A significant improvement in the mammogram-based
test FROC curves was achieved using two-view fusion com-
pared to single-view detection. Much of this improvement
resulted from the lower FP rates of our similarity classifier at
lower sensitivities. At high sensitivity above 80%, the
mammogram-based FROC curves of the two-view fusion
and single-view detection methods were almost identical.
The improvement was also significant for the subsets of ma-
lignant and benign clusters of our test data set.
There were 104 microcalcification clusters seen on both
views in the abnormal test group. Of these, 90 87% were
matched with the corresponding cluster after geometric pair-
ing. Of the 14 missed matches, five were caused by the ab-
solute value of the NOD being larger than R=26 mm, and
the remaining nine were caused by either one or both of the
clusters being missed by the prescreening algorithm. The
paired-cluster threshold, thp, eliminated an additional 16
matches, resulting in a total of 74 correctly matched micro-
calcification clusters for the exclusive two-view detection.
The highest sensitivity of exclusive two-view detection was
69% 150/218, because the scores of two of the true clus-
ters that were matched with false clusters in the correspond-
ing view were above thp. In return for missing 16 out of a
total of 104 true cluster pairs 15% miss, a substantial num-
ber of FP pairs were eliminated with the use of the paired-
cluster threshold. After geometric pairing, we had a total of
760 false pairs in the normal test group. The use of the
2583 Sahiner et al.: Two-view information for microcalcification detection 2583paired-cluster threshold eliminated 754 of these, resulting in
a total of only 6 false pairs, or an average of 0.08 12/142
FP clusters/normal image.
The paired-cluster threshold in this study was determined
using the training set as thp=0. To evaluate the effect of this
threshold on the test results, we also obtained test FROC
curves for different values of thp. The curves for thp=0.5, 0,
−0.5, −1, and −2 are shown in Fig. 16. It is observed that the
FROC curve may be higher if thresholds lower than that
obtained by training were used. However, as seen in Fig. 10,
a lower threshold than thp=0 resulted in worse performance
for the training set. Since the parameters of a CAD system
ought to be selected using the training set, and not by com-
paring the test performance for different parameters, we
maintain that unbiased test results are those found by using
thp=0 Fig. 12.
Comparing mammogram-based test FROC curves with
case-based curves, we find that the improvement with two-
view fusion is more limited for case-based detection. Figures
12a and 14a demonstrate that single-view detection may
provide slightly lower FP rate for some sensitivity values
when case-based scoring is employed. However, at low sen-
sitivity, case-based two-view fusion FROC curves are sub-
stantially higher. Since there is currently no accepted method
to compare case-based FROC curves, we did not evaluate the
statistical significance in the difference between these curves.
Comparing the test FROC curves in Figs. 12a and 15,
we found that the detection performance for the USF and
UM sets are different. For example, at a sensitivity of 85%,
the average number of FPs for the USF and UM data sets are
0.17 and 0.71, respectively. Part of this difference may be
attributed to the fact that the USF data set contained biopsy-
proven malignant cases, whereas the UM data set contained a
mixture of malignant and benign clusters. A comparison of
the FROC curves for malignant and benign subsets of the
UM data set Figs. 13 and 14 indicates that the CAD system
TABLE IV. The average number of FPs at selected sens
methods. The average number of FPs is compared
benign subsets. For computing the sensitivity in ma
views was counted independently. Since there were
radiologist on the test set, the denominator for sensitiv
analysis, a TP was defined as a positive case for whi
Since we had 96 mammogram pairs in our data po
analysis was 96.
Scoring method Data subset Sin
Mammogram-based Entire test set
Malignant
Benign
Case-based Entire test set
Malignant
Benignhas a higher detection accuracy for malignant microcalcifi-
Medical Physics, Vol. 33, No. 7, July 2006cation clusters. However, this does not completely explain
the difference between Figs. 12a and 15. Figures 13a and
15 show that the detection accuracy for the USF data set is
higher than that of the malignant UM subset. For example, at
a sensitivity of 85%, the average number of FPs for the USF
and malignant UM data sets are 0.17 and 0.33, respectively.
This indicates that the UM data set may contain more diffi-
cult cases than the USF data set. The subtlety ratings of the
USF Fig. 2 and UM Fig. 4 cases also indicate that the
UM cases may be more subtle, although the subtlety rating
scales are subjective and may not be easily compared among
radiologists. These differences also underscore the difficulty
of comparing the performances for algorithms evaluated with
data sets collected at different institutions.
Our study had a number of limitations. The nipple loca-
tions in our study were hand-extracted. Therefore, the two-
view detection process was not entirely automated. We have
been developing automated nipple detection methods on
mammograms.25 Joint two-view detection with automatically
identified nipple locations will be studied in the future. Cases
containing diffuse microcalcifications and calcified vessels
ies for the single-view and two-view fusion detection
e entire test data set, as well as the malignant and
gram-based scoring, the same cluster seen on two
microcalcification cluster locations marked by the
mammogram-based analysis was 218. In case-based
cluster was correctly detected on one or both views.
test set, denominator for sensitivity in case-based
Average number of FPs per image
sensitivity 70% sensitivity
iew Fusion Single-view Fusion
0.46 0.30 0.18
0.16 0.24 0.04
0.56 0.37 0.30
0.30 0.17 0.04
0.04 0.13 0.03
0.39 0.24 0.25
FIG. 15. Single-view and two-view fusion mammogram-based test FROC
curves when the training and test sets are switched. To obtain these curves,
classifiers were trained on the UM data set. The trained classifiers were thenitivit
for th
mmo
218
ity in
ch a
sitive
80%
gle-v
0.53
0.35
0.63
0.26
0.22
0.35applied to the USF data set.
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cause of the difficulty of establishing the correspondence of
the clusters on the two views. If the two-view detection
method were applied to cases containing diffuse microcalci-
fications, a large number of TP pairs would be identified.
Although it may be impossible to judge which pairs truly
correspond to each other, it is quite likely that some of the
pairs will attain a high two-view score, and thus result in a
correct detection. If the two-view detection method were ap-
plied to normal cases containing calcified vessels, again a
large number of FP pairs would be detected. A reasonable
method to handle cases containing calcified vessels may be
to automatically identify such vessels after preprocessing,
apply only single-view detection, and mark the detected cal-
cified vessels in a special way e.g., different color than other
detections. In this study, we did not attempt any type of
automated detection for calcified vessels.
A number of parameters in this study were optimized
based on the training set, such as the feature selection thresh-
olds in the LDA design and the paired-cluster threshold.
However, we did not perform a joint optimization of many
other parameters, such as the width of the annular region
used in geometric pairing, the thresholds used in prescreen-
ing, or the weights for fusion of the two classifiers. A me-
thodical optimization of the large number of parameters in
the single-view and two-view detection algorithms may im-
prove the final classification accuracy. Any improvement in
the geometric pair definition will also improve the joint two-
view detection.
V. CONCLUSION
We have developed a joint two-view detection method to
improve the computerized detection of microcalcification
clusters on two-view mammograms. A geometric method
was used to pair the clusters from the two views. A two-view
classifier was designed to distinguish between true and false
pairs by using the similarities between the two clusters on
different views that constitute the pair. The scores of the
two-view similarity classifier were fused with the single-
FIG. 16. Mammogram-based FROC curves for different values of the
paired-clusters threshold thp. When the value of thp was set to less than that
obtained by training thp0 the FROC curves for the test set were higher
than the test FROC curve obtained with thp=0, which was determined by
training.view cluster scores obtained from a conventional classifier
Medical Physics, Vol. 33, No. 7, July 2006designed for differentiating true and false clusters on one
view. Our results indicate that two-view fusion may signifi-
cantly reduce FP clusters and improve the FROC curve of
microcalcification detection for both malignant and benign
clusters. The improvement for malignant clusters was more
substantial than that for benign clusters. Directions for future
work include automated identification of nipple locations,
and optimization of parameters used in single-view and two-
view detection.
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